The differences in transcription start sites (TSS) and transcription end sites (TES) among gene isoforms 18 can affect the stability, localization, and translation efficiency of mRNA. Isoforms also allow a single 19 gene different functions across various tissues and cells However, methods for efficient genome-wide 20 identification and quantification of RNA isoforms in single cells are still lacking. Here, we introduce 21 single cell Cap And Tail sequencing (scCAT-seq). In conjunction with a novel machine learning 22 algorithm developed for TSS/TES characterization, scCAT-seq can demarcate transcript boundaries of 23 RNA transcripts, providing an unprecedented way to identify and quantify single-cell full-length RNA 24 isoforms based on short-read sequencing. Compared with existing long-read sequencing methods, 25 scCAT-seq has higher efficiency with lower cost. Using scCAT-seq, we identified hundreds of 26 previously uncharacterized full-length transcripts and thousands of alternative transcripts for known 27 genes, quantitatively revealed cell-type specific isoforms with alternative TSSs/TESs in dorsal root 28 ganglion (DRG) neurons, mature oocytes and ageing oocytes, and generated the first atlas of the 29 non-human primate cornea. The approach described here can be widely adapted to other short-read or 30 long-read methods to improve accuracy and efficiency in assessing RNA isoform dynamics among 31 single cells.
The total TPM value of the peak called by
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x 3 Gene_length The length of the transcript annotated.
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x 8 Percentage The percentage of read counts of a peak to the total counts of a transcript
Using the sequencing data from mouse dorsal root ganglion (DRG) neurons for especially at single cell level. Byrne et al. also tried to quantify isoforms with the 225 number of CCS reads, but the number of genes covered was very limited. 226 Concordantly, our data showed that the CCS readout for the majority of genes covered 227 was less than 3 even though the sequencing depth was 0.5M for one single cell 228 ( Supplementary Fig. 4b) . Although CCS read numbers are positively correlated with 229 the number of reads of scCAT-seq, much higher variation was observed for the former 230 with 10-to 1000-fold fewer read counts ( Supplementary Fig. 4c, d) . Intriguingly, 231 when using the scCAT-seq to quantify the isoforms identified by scISOr-seq, the 232 squared coefficient of variation (CV 2 ) was reduced at least 10-fold, making isoform 233 quantification much more accurate (Supplementary Fig. 4d ). For example, two 234 alternative isoforms of Ermp1 were quantified with a CCS number below 5 in both 235 DRG and oocytes, without sufficient power to differentiate the quantification of the 236 two isoforms ( Supplementary Fig. 4e, f) . However, when quantified with scCAT-seq, 237 with much lower variance, the longer isoform was found to be significantly higher 238 expressed in oocytes than in DRGs. In summary, scCAT-seq can be used to quantify 239 isoforms identified by scISOr-seq in single cells to improve accuracy with lower cost.
241
Characterization and quantification of cell-type specific transcripts with 242 scCAT-seq 243 To further assess differential gene expression between different cell types based on 244 quantified abundances of TSS and TES tag counts, we performed scCAT-seq on three 245 different cell types -mouse DRG, oocytes at Day 3, and oocytes at Day 4. Both TSS 246 and TES transcriptome data clearly discriminated different cell types from each other 247 ( Fig. 3a, Supplementary Fig. 5a ). In addition, because our method can identify both 248 ends of transcripts, we set out to identify cell type specific transcript isoforms.
249
Comparing DRG and oocyte cell-type specific isoforms, we identified 166 transcript 250 isoforms encompassing 83 genes that only differed in TSS choices, and 222 isoforms 251 encompassing 111 genes that only differed in TES choices ( Fig. 3b , Supplementary 252 Fig. 5b, c) . For example, Tsc22d1 and Grpe1 had no difference in total gene 253 expression between DRG and oocytes, but the two isoforms of each gene were expressed in a cell-type specific manner ( Fig. 3c, Supplementary Fig. 5d-f ).
We also used scCAT-seq to assess RNA dynamics during ageing of post-ovulatory supporting the notion of interdependency between transcription initiation and 262 polyadenylation ( Fig. 3d) . Further, a change in the choice of major isoform from day 263 3 to day 4 oocytes is observed in 343 genes with alternative TSSs and 1612 genes 264 with alternative TESs, with a trend that shorter 5' UTRs ( Fig. 3e) or longer 3' UTR 265 are preferred ( Fig. 3f) . Thus, using scCAT-seq we can observe that the dynamics of 266 major isoform choice during oocyte ageing is accomplished according to a general 267 rule, which is through degradation of the major isoform on day 3, and activation of 268 the minor isoform to switch to the alternative major isoform on day 4, as illustrated by 269 Ska3 (Supplementary Fig. 6a ). In addition, the observations made by RT-qPCR 270 validated our scCAT-seq data analysis ( Supplementary Fig. 6b ).
272
Single cell atlas of non-human primate corneal epithelial based on RNA 273 expression and APA analysis. 274 We next employed scCAT-seq to profile a much larger number of single cells. Taking 275 the non-human primate cornea as an example, we collected single cells and generated 276 multiplexed cDNA using the 10x genomics platform. scCAT-seq libraries were 277 subsequently generated and sequenced, and the 7848 single cells successfully 278 captured were clustered into 5 major groups. Hundreds of marker genes for each cell 279 type were identified ( Supplementary Fig. 7a) , with GO items relating to epithelial 280 development enriched in the genes up-regulated and those relating to cell adhesion 281 down-regulated ( Supplementary Fig. 7b, c) . Based on the RNA expression of the 282 known marker genes, the following subtypes were identified: corneal epithelial cells 283 (CEC) highly expressing KRT3 and KRT12, transient amplifying cells (TAC) highly expressing KRT12 but not KRT3, and limbal epithelial cells (LEC) highly expressing KRT19 ( Fig. 3g) . Pseudotime analysis on scCAT-seq data revealed the trajectory from 286 TAC to LEC and CEC ( Fig. 3h) . We next identified the cell-type specific isoforms of 287 the three major subtypes and assessed their dynamics. From TAC to LEC, we found 288 285 genes and 244 genes switched to proximal and distal APA sites, respectively ( Fig.   289 3i). From TAC to CEC, we found 457 genes and 414 genes switched to proximal and 290 distal APA sites, respectively ( Supplementary Fig. 8a) . For example, the longer 291 isoform of UBE2B preferentially uses the distal TES in CEC, while the shorter 292 isoform preferentially uses the proximal TES in TAC (Supplementary Fig. 8b) . We 293 also found that expression of genes with proximal APA sites was significantly higher 294 in TAC than CEC/LEC, while there was no significant difference in expression 295 between CEC and TAC for genes with distal APA sites in epithelial cells, suggesting a 296 potential role of proximal APA choices in gene regulation during differentiation of 297 epithelial cells from TACs (Supplementary Fig. 8c-f) . The approach we introduce here is highly accurate for transcript demarcation and Smart-seq2 lysis buffer as described before. modification that Superscript II was replaced by superscript III to improve the yield of
Where is used to allow soft margin, and m is the number of training data you have.
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The C controls the relative regularization and is determined using cross validation 539 method. And is the vector of weights, and x is the feature vector. 
